Abstract Genetic variations in blood cell parameters can impact clinical traits. We report here the mapping of blood cell traits in a panel of 100 inbred strains of mice of the Hybrid Mouse Diversity Panel (HMDP) using genomewide association (GWA). We replicated a locus previously identified in using linkage analysis in several genetic crosses for mean corpuscular volume (MCV) and a number of other red blood cell traits on distal chromosome 7. Our peak for SNP association to MCV occurred in a linkage disequilibrium (LD) block spanning from 109.38 to 111.75 Mb that includes Hbb-b1, the likely causal gene. Altogether, we identified five loci controlling red blood cell traits (on chromosomes 1, 7, 11, 12, and 16), and four of these correspond to loci for red blood cell traits reported in a recent human GWA study. For white blood cells, including granulocytes, monocytes, and lymphocytes, a total of six significant loci were identified on chromosomes 1, 6, 8, 11, 12, and 15. An average of ten candidate genes were found at each locus and those were prioritized by examining functional variants in the HMDP such as missense and expression variants. These results provide intermediate phenotypes and candidate loci for genetic studies of atherosclerosis and cancer as well as inflammatory and immune disorders in mice.
Introduction
Blood cell traits have been linked to risk of cancer, coronary artery disease, total mortality, and other clinically relevant disorders (Gillum et al. 2005; Lloyd-Jones et al. 2003; Shankar et al. 2006) . Moreover, hematological parameters are under strong genetic control, being both tightly controlled and highly heritable (Evans et al. 1999; Garner et al. 2000) . Thus, an understanding of the genetic factors that regulate the production and properties of blood cells could contribute substantially to our ability to predict, treat, or prevent a variety of diseases. Such considerations have led to a number of large genome-wide association studies (GWAS) of blood cell parameters such as leukocyte count and hemoglobin concentration Reiner et al. 2011; Soranzo et al. 2009; van der Harst 2013) which have resulted in the identification of an impressive number of loci and associated candidate genes. However, while highly precise hematological data are relatively easy to collect in large human population studies, it is difficult to further characterize the role of any identified candidate genes and associated metabolic pathways in the same subjects, particularly when the likely tissue for such studies is not blood itself but tissues such as bone marrow or spleen.
Animal models are the logical alternative for investigating these candidate genes and pathways, and our laboratory has been using a systems-genetics approach in mice to understand cardiometabolic traits such as atherosclerosis, obesity, diabetes, osteoporosis, and heart failure (Farber et al. 2011; Orozco et al. 2012) . Inflammation is an important component of these traits; therefore, we resolved to investigate the potential impact of blood cell variations by using association mapping to identify underlying genetic loci. Two previous studies have examined blood cell traits in mice using quantitative trait locus (QTL) analysis of genetic crosses (Kelada et al. 2012; Peters et al. 2010) . It is difficult to identify the causal genes in such linkage analyses because they typically have excellent power but poor mapping resolution (Flint et al. 2005 ). Both of these prior studies used additional strategies to improve resolution and to suggest candidate genes. Peters et al. (2010) carried out a dozen classical crosses involving a total of about 4,000 mice. By combining data from multiple crosses and using haplotype association mapping, they identified candidate genes for about a dozen loci, including the identification of Hbb as the causal gene for several red cell traits on chromosome 7. Kelada et al. (2012) provided a demonstration of the potential power of the Collaborative Cross by mapping hematological parameters in 131 incipient strains to identify five loci. The QTL confidence intervals were from 3.8 to 14.0 Mb, and in several cases they were able to narrow substantially by using a shared ancestry approach.
Our approach for improving the resolution in mouse genetic studies is a recently developed association-based mapping strategy (Bennett et al. 2010 ). An essential aspect of this approach is the correction for population structure using an Efficient Mixed Model Algorithm (EMMA) (Kang et al. 2008) . Based on power calculations and strain diversity, we chose 100 inbred strains of mice for a panel that we called the Hybrid Mouse Diversity Panel (HMDP). Using transcript levels as a model phenotype, we have shown that the panel has sufficient power to map several thousand expression QTLs (eQTLs) with excellent resolution. In the current study, we identify six loci for red blood cell phenotypes and eight loci for white blood cell phenotypes. For each locus, we identified a linkage disequilibrium (LD) block that contains the peak-association SNP as a region most likely to contain the underlying genetic variation. These LD blocks were typically 1.5-2 Mb but ranged from 0.8 to 4 Mb. We identified a set of candidate genes within the LD blocks based on the presence of a local (cis-acting) eQTL or genes carrying nonsynonymous SNPs within the coding region or splice site sequence variations. In several cases it was possible to validate these loci based on published mapping results from other groups. Most strikingly, four of five loci that we identified for red blood cell traits corresponded to loci that were identified in a recent human GWA study (van der Harst 2013), including several cases where the mouse and human studies identified the same candidate gene.
Methods
C57BL/6 J 9 DBA/2 J F2 intercross
We previously carried out an F2 intercross between the inbred strains DBA/2 and C57BL/6 (Davis et al. 2012) . These parental mice were obtained from The Jackson Laboratory (Bar Harbor, ME). The male C57BL/6 parents carried heterozygous deficiency in the leptin receptor (db ?/-), and F1 progeny were selected for the presence of the mutant allele. Among the F2 progeny, only those with homozygous deficiency in the leptin receptor (db/db) were selected for further phenotype and genotype analysis.
Genomic DNA was isolated by standard procedures. Genotyping for the db mutation was carried out essentially as described by Horvat and Bunger (1999) , except for AccI digestion which was carried out at 55°C for 1.5 h to increase efficiency of cutting. Genome-wide analysis of single-nucleotide polymorphism (SNP) genotypes for quantitative trait locus (QTL) mapping was carried out using the Affymetrix GeneChip Mouse Mapping 5 K SNP panel (Laurie et al. 2007 ). This panel carries [2,800 informative markers between C57BL/6 and DBA/2 (average spacing: 0.5-0.6 cM).
Phenotypic traits were log-transformed to normalize the trait distribution. Logarithm of the odds (LOD) score distributions were calculated using the scanone function in R/qtl (http://www.rqtl.org; http://www.cran.r-project.org) (Broman et al. 2003) . Sex and age were treated as interactive covariates as needed (van Nas et al. 2010) . In most cases, we carried out separate analysis of the 5-week and 12-week cohorts using sex as an interactive covariate. Permutations of n = 1,000 were carried out to determine thresholds for significance at P \ 0.05 as a means to account for the multiple testing of many markers for association with each trait.
Animals were housed in vivaria accredited by the Association for Assessment and Accreditation of Laboratory Animal Care, and all procedures were approved by the UCLA Institutional Animal Care and Use Committee. The breeding colony was maintained on a 12-h light-dark cycle, with lights on from 6 a.m. to 6 p.m., and animals were fed a chow diet with 6 % fat by weight. Male mice from the HMDP panel were purchased from The Jackson Laboratory. Mice were between 6 and 10 weeks of age, and to ensure adequate acclimatization to a common environment, the mice were aged up to 16 weeks of age. All mice were maintained on a chow diet (Ralston-Purina Co.) until sacrifice at 16 weeks of age. Following a 16-h fast, mice were bled retro-orbitally under isoflurane anesthesia and plasma lipids were determined as previously described (Hedrick et al. 1993; Puppione and Charugundla 1994) .
HMDP strains and genotypes
The HMDP strains have been described in detail elsewhere (Bennett et al. 2010) . Genotypes for these inbred strains were obtained from the Broad Institute (http://www. broadinstitute.org/mouse/hapmap) and combined with the genotypes from the Wellcome Trust Center for Human Genetics (WTCHG). Genotypes of RI strains at the Broad SNPs were inferred from the WTCHG genotypes by imputing alleles at polymorphic SNPs among parental strains, labeling ambiguous genotypes ''missing.'' Of the 140,000 SNPs available, 107,145 were informative, with an allele frequency greater than 5 %, and were used for GWAS in the HMDP. For phenotyping, we used 2-18 animals of each strain (N ave = 7.06, N median = 6, N modal = 6). The exact numbers for each strain are as previously published (Bennett et al. 2010 ).
Blood cell traits
Blood for hematology analysis and for plasma was collected from mice that were fasted for 4-5 h and bled from the retro-orbital plexus under isoflurane anesthesia 2-3 h after the beginning of the light cycle. Complete blood cell Fig. 1 Blood cell traits among the HMDP strains rank-ordered by strain average. a Mean corpuscular volume (MCV) (fl). b White blood cell count (WBC) (10 profiling was carried out using the Heska (Loveland, CO) HemaTrue TM Veterinary Hematology Analyzer. Blood was collected in 20-ll EDTA-coated glass capillaries and processed using standard procedures as per instructions from Heska. Three male adult mice were studied per strain.
Genome-wide association mapping of the HMDP We applied the following linear mixed model to account for the population structure and genetic relatedness among strains in the genome-wide association mapping (Kang et al. 2008) , y ¼ l þ xb þ u þ e where l represents mean, x represents SNP effect, u represents random effects due to genetic relatedness, with Var(u) = r g 2 K, and Var(e) = r e 2 , where K represents IBS (identity-by-state) matrix across all genotypes. A restricted maximum likelihood (REML) estimate of r g 2 and r e 2 are computed using EMMA, and the association mapping is performed based on the estimated variance component with a standard F-test to test b = 0.
Genome-wide significance threshold
Genome-wide significance threshold in genome-wide association mapping is determined by the family-wise error rate (FWER) as the probability of observing one or more false positives across all SNPs per phenotype. We ran 100 different sets of permutation tests and parametric bootstrapping of size 1,000 and observed that the mean and standard error of the genome-wide significance threshold at FWER of 0.05 were 3.9 9 10 -6 ± 0.3 9 10 -6 and 4.0 9 10 -6 ± 0.3 9 10 -6 , respectively. This is approximately an order of magnitude larger than the significance threshold obtained by Bonferroni correction (4.6 9 10 -7 ). We also performed parametric bootstrapping under a simulated genetic background effect from population structure using EMMA. With 50 and 100 % of variance explained by genetic background, the thresholds were determined to be 1.6 9 10 -6 ± 0.2 9 10 -6 and 1.7 9 10 -6 ± 0.2 9 10 -6 . The reduction in the significance threshold compared to no genetic background effect is due to the inter-SNP correlation that is a result of long-range LD, which is reduced when conditioning on the population structure.
Linkage disequilibrium and candidate mutations Linkage disequilibrium was determined based on the same SNP database used in EMMA analyses. Correlations between each SNP on a chromosome were determined and plotted in a heat map using MATLAB. Significant correlation of R 2 [ 0.8 between blocks of SNPs was determined to be indicative of LD. LD blocks for each significant locus were determined by visual approximation of the decay in LD. The Wellcome Trust Mouse Genomes Project Query Server was used to identify potentially causal mutations in genes of interest. The query was limited to mice contained within the HMDP and for mutations affecting splice sites and mutations resulting in either frame shifts or nonsynonymous mutations. 
Results

Analysis of blood cell parameters across a panel of inbred mouse strains
Analysis of hematological parameters in the HMDP was performed on a panel of 100 classical and recombinant inbred strains. Blood cell profiling was performed using the Heska Hematrue TM Veterinary Hematology Analyzer on three male mice per strain. Figure 1 shows the results for mean corpuscular volume (MCV) (in femtoliters, fl) and for total white blood cell count (WBC) (10 3 /ll). The traits show wide strain-dependent variation suggesting complex underlying genetics. Strain averages for each hematological trait are shown in Supplementary Genetic control of red blood cell traits Previous linkage mapping studies (Kelada et al. 2012; Peters et al. 2010 ) identified a strong QTL peak on distal chromosome 7 at about 110 Mb for MCV (Kelada et al. 2012 ) and for cell hemoglobin concentration mean (Peters et al. 2010) , an alternative measure of mean corpuscular hemoglobin concentration (MCHC). In the HMDP, we observed the same QTL on chromosome 7 for MCV ( Fig. 2 and Table 1 ) and for the related traits of mean corpuscular hemoglobin (MCH) and red cell distribution width (RDW) ( Table 1) , along with a suggestive QTL for hematocrit (HCT). For comparison, in Fig. 2 we also show the MCV QTL determined by linkage mapping in a previous F2 cross between C57BL/6 and DBA (Davis et al. 2012) . Typical of linkage studies, the QTL peak was broad and the hemoglobin Hbb-b1 gene variant, which is postulated to underlie this QTL (Peters et al. 2010) , is encoded at 110.96 Mb, more than 15 Mb and hundreds of genes from the linkage QTL peak at 94 Mb. By contrast, the association peak in the HMDP is quite sharp and the peak SNP is less than 1 Mb from Hbb-b1 (Fig. 2) . Additional novel association loci for red blood cell phenotypes of hematocrit (HCT), hemoglobin concentration (HGB), and red blood cell count (RBC) were observed on chromosomes 1, 11, 12, and 16 ( Fig. 3 and Table 1 ).
We examined the significant loci for red blood cell traits for long-range LD, previously described (Payseur et al. 2008 ) as a potential confounding factor in GWAS analysis. We saw no evidence of significant (R 2 [ 0.8) LD between any of the red blood cell trait loci, and only one suggestive (R 2 [ 0.5) LD between the chromosome 1 and 11 peaks (Supplementary Table 3 ). This peak may be due to population substructure, which was not taken into account when computing LD values. Genetic control of white blood cell traits Association analysis in the HMDP identified six loci for total white blood cells, granulocytes, monocytes, and lymphocytes as shown in Fig. 4a-d and in Table 2 . Two of these loci, on chromosomes 6 and 12, exhibited significant associations for all classes of white cells, suggesting that they likely influence early stem cell progenitors or some inflammatory process common to all. The chromosome 8 locus, which appears to be specific for monocytes (monocyte levels), exhibited the strongest association for all loci. Five of the six loci were shared by monocytes and Table 2) . None of the loci overlapped with those for red cell parameters.
The white cell loci were also examined for long-range LD. As in the red cell loci, we observed no significant (R 2 [ 0.8) LD between any loci, but did observe two suggestive (R 2 [ 0.5) LDs between the Chr 1 and Chr 6 peaks and between the Chr 15 and Chr 18 peaks (Supplementary Table 4 ).
Candidate genes in associated loci
To identify candidate genes for these associated loci, we first calculated the boundaries of the LD blocks that encompassed the peak SNPs for each locus based on the correlation of SNPs among the HMDP strains (see ''Methods''). For example, Fig. 5 shows LD blocks along Chr 8. The peak SNP for monocyte and overall white blood cell counts lies at 8.1 Mb in a 700-kb LD block that spans from 7.9 to 8.6 Mb. Boundaries for LD blocks associated with the other blood-trait QTLs are listed in Table 3 . The median LD block size was about 1.5 Mb, although the LD block on chromosome 7 determined in this manner was unusually large, spanning nearly 12 Mb. However, the p values for SNPs associated with MCV on Chr 7 fell sharply (by [2 logs) outside the region from 109.38 to 111.75 Mb, providing a core LD block for this trait that spans only 2.4 Mb ( Supplementary  Fig. 1 ). To identify potential candidate genes for these QTLs, we determined which genes within the LD block exhibited The genes exhibiting structural variation are listed in Table 3 . The number of such candidate genes ranged from 1 to 16 per LD block, except for the unusually gene-rich LD block on Chr 7 that harbors nearly 110 such variants. However, 87 of these are from the olfactory-receptor gene family that populates this region of Chr 7. Of the remaining 23 nonsynonymous variants, 5 are from the hemoglobin gene family, including Hbb-b1, which is thought to underlie the MCV QTL (Peters et al. 2010) .
For expression variation, we examined local (likely cisacting) eQTL in peritoneal macrophages (Orozco et al. 2012) . The macrophages were studied under basal conditions (medium) or in the presence of an acute inflammatory agent (bacterial lipopolysaccharide, LPS) or a chronic inflammatory agent (oxidized phospholipids). We performed association analysis for global transcript levels to identify local (within 5 Mb of the gene) eQTL, most likely acting in cis, and those distal to the gene likely acting in trans. Altogether, there are more than 9,000 genes that show heritable expression at a false-discovery-rate (FDR) of \5 %. We used these data to identify genes likely to have local (cis) eQTL in cells of the white blood cell lineage. Table 4 lists the genes for white blood cell loci that exhibited local eQTL within the associated LD block under basal conditions or following stimulation with LPS or oxidized lipids. Because these genes show genetically determined variation in expression that colocalizes with the white blood cell traits, they constitute additional candidates for genes that are causal for these traits.
Discussion
We have used association analysis with correction for population structure to map multiple loci for blood cell traits. The results confirm some previous findings and identify a number of novel loci. They also demonstrate the greatly increased mapping resolution for association as compared to linkage analysis in mice.
There have been a number of recent efforts using linkage and GWAS to map the loci underlying blood cell traits both in mice (Kelada et al. 2012; Peters et al. 2010 ) and in humans (Ganesh et al. 2009; Nalls et al. 2011; Soranzo et al. 2009 ). The major QTL that we observed on mouse chromosome 7 was also reported by previous investigators (Kelada et al. 2012; Peters et al. 2010 ) and appears to arise from ancestral blocks carrying coding variations in duplicated adult hemoglobin genes (Peters et al. 2010) . Thus, for strains that carry different alleles of this locus, there is a strong impact on hemoglobin hydration resulting in the reported difference in mean corpuscular hemoglobin concentration. The related traits HCT, RDW, and MCV are logically modulated by the same structural modification of the hemoglobin molecule and show correspondingly strong QTLs at the same locus. None of the human GWAS studies of blood cell traits (Ganesh et al. 2009; Nalls et al. 2011; Soranzo et al. 2009 ) have reported a corresponding QTL. Thus, similar coding variations in hemoglobin among the studied human populations are not sufficiently common to have produced a significant corresponding QTL.
Several other red cell QTLs that we observed in mice are replicated by QTLs seen in a recent GWAS of red cell phenotypes of 135,000 individuals of European and South Asian ancestry (van der Harst 2013). For instance, the LD block encompassing the hematocrit/hemoglobin QTL on chromosome 1 (Table 1) contains a nonsynonymous SNP in the Atp2b4 gene (Table 3) , a gene that was also identified as potentially causal for a MCHC QTL in the human study. Atp2b4 is a peripheral membrane calcium ATPase with no obvious connection to hemoglobin synthesis or structure, but the coincidence of GWAS results in human and mouse suggest that this gene may play a novel role in red blood cell metabolism. Similarly, potential candidate genes for the RBC QTL on Chr 11 (Table 3) include Trim58, a gene also identified in the human study (van der Harst 2013). Trim58 (tripartite motif-containing 58) is strongly expressed in bone marrow but has no established function. For the Chr 12 and Chr 16 RBC QTLs (Tables 1, 3) , none of the candidate genes we identified within the central LD block corresponds to candidate genes in human GWAS studies. However, the recent human GWAS (van der Harst 2013) does appear to have identified syntenic loci. For instance, the human study identified FNTB (farnesyltransferase, CAAX box, beta), MAX (max protein), and SMOC1 (SPARC-related modular calcium binding 1) as candidate genes for impacting MCV or MCH. In mice, these genes are located on Chr 12 at 76.8, 76.9, and 81 Mb, respectively, immediately flanking the central LD block (78.7-80.5 Mb) (Table 3) . Moreover, both Fntb and Smoc1 carry nonsynonymous SNPs among inbred strains that might underlie functional variation affecting red blood cell traits. Similarly, human GWAS identified YDJC (YdjC bacterial homolog) and UBE2L3 (ubiquitin-conjugating enzyme E2L 3) as candidates genes for impacting MCV. In mice, these genes map to Chr 16 at about 17.1 Mb, immediately distal to the central QTL (Tables 1, 3) . Peters et al. (2010) observed a QTL for red cell hemoglobin content in 3 or 4 of the 12 mouse crosses studied. The fact that no such QTL is observed in the present study suggests that the responsible alleles are not widespread in the HMDP panel, the effect of these alleles is relatively small, or both.
For white blood cell traits, the chromosome 18 QTL was seen in linkage studies of incipient lines from the Collaborative Cross (Kelada et al. 2012 ). In addition, for the same , 901, 493 59, 445, 442 Fam114a2, Mfap3, Galnt10, Larp1, Gemin5, Mrpl22, Igtp, Irgm2, Trim58, zfp39, Butr1, Trim17, Trim11, Obscn, Gjc2, Mrpl55, Prss38, Jmjd4, Nlrp3 12 78, 704, 936 80, 544, 480 Mpp5, Atp6v1d, Plekhh1, Pigh, Arg2, Vti 1b, Zfyve26 16 13, 716, 171 16, 326, 370 Pla2g10, pdxdc1, myh11, abcc1 locus, we observed strong QTLs for all the white cell subtypes, with the most significant being that for monocyte counts (Table 2) . Finally, we observed significant WBC QTLs on chromosomes 1, 6, 8, 11, 12, 15 , and 16 that were not seen in the Collaborative Cross. In contrast to the very high frequency of RBC locus replication that we see between our mouse study and published human data, none of the white blood cell loci found in the HMDP was replicated in recent human GWAS analyses Reiner et al. 2011) . In part, this could be due to the size of the available human studies. The van der Harst mapping of RBC-related phenotypes (van der Harst 2013) involved over 135,000 subjects, while two recent GWAS of WBCrelated phenotypes analyzed only 19,509 subjects (Shankar et al. 2006 ) and 16,388 subjects (Garner et al. 2000) . Moreover, because of the very large numbers of biological processes and environmental factors that likely impact inflammatory pathways, it seems probable that genetics of WBC is more complex than that of RBC and that differences in environment may play a larger role in obscuring WBC QTLs. Finally, there may be some major differences in the key determinants of WBC numbers between mice and men so that genetic variation at a locus may have much higher impact in one species that the other. As discussed in a recent review of GWAS in mice (Flint and Eskin 2012) , there is a tradeoff in power, resolution, and repeatability of the various approaches. The classic linkage approach has high power to detect the impact of genetic variants, but the resolution is limited because of the small number of generations in which recombination can occur. Also, the number of genetic variants is limited to those found in the two parental strains. Moreover, the necessity to breed all the animals in a cross confers a high cost in time and resources before phenotyping can begin, and because each of the progeny is unique, there is a requirement to genotype every animal and no opportunity for follow-up studies on additional animals of any given genotype. Peters et al. (2010) partially overcame the issue of resolution by combining the results a dozen different crosses involving thousands of animals, but such a herculean effort is daunting to contemplate for most genetic studies. The Collaborative Cross avoids the necessity of breeding or genotyping because it involves the use of stock recombinant inbred strains, and because the Collaborative Cross strains incorporate the genomes of several wild-derived strains, there is the opportunity to monitor the impact of a much larger set of genetic variants than is available in a classic cross or the HMDP. Ultimately, while the Collaborative Cross has constraints in resolution because of the limited number of generations for recombination in each strain, when they become available the large number of strains should help to overcome any resolution issues. It is exciting to see the debut of this effort in the mapping of hematologic traits by Kelada et al. (2012) . The HMDP combines results from recombinant inbred strains, which give power approaching that of an F2 cross, and results from classic inbred strains, which confer high resolution due to the high number of generations that separate each strain from ancestral stocks. In fact, the HMDP is predicted to have resolution of about 2 Mb (Flint and Eskin 2012) , which is consistent with the size of the LD blocks that we report here. The need to correct for population structure in the HMDP reduces power (Flint and Eskin 2012) , and residual population structure after correction has the potential to produce false positives. Although we observed several instances of suggestive LD between pairs of loci, we conclude that this is not a major problem in the present study because all of the red blood cell loci were replicated in previous mouse studies or in human GWAS. Genetic diversity is limited in the HMDP relative to the Collaborative Cross as a result of the decision to exclude wild-derived strains in favor of better population structure corrections. In principle, this would lead to decreased ability to detect relevant QTLs. However, at least in comparison to the initial Collaborative Cross studies by Kelada et al., this does not seem to be a large problem. In summary, GWAS in human populations have been very successful in identifying loci for diseases and diseaserelated traits, but such studies have limited ability to examine gene-by-gene or gene-by-environment interactions, and the loci generally account for a very small fraction of the variance of the traits. Studies of natural variation in animal models can complement human studies by allowing analyses under controlled conditions and the examination of intermediate phenotypes such as transcript levels in tissues. An understanding of the genetic variation contributing to hematopoietic traits among common inbred strains may help explain differences in susceptibility to atherosclerosis, infection, and cancer.
